Despite the similar spectral signatures of ash and desert dust, relatively little has been done to explore the application of dust detection techniques to the problem of volcanic ash detection. The Saharan dust index (SDI) is routinely implemented for dust monitoring at some centres and could be utilised for volcanic ash detection with little computational expense, thereby providing a product that forecasters already have some familiarity with to complement the suite of existing ash detection tools. We illustrate one way in which the index could be implemented for the purpose of ash detection by applying it to three scenes containing volcanic ash from the 2010 Eyjafjallajökull eruption, Iceland and the 2011 eruption of Puyehue, Chile. It was also applied to an image acquired over Etna in January 2011, where a volcanic plume is clearly visible but is unlikely to contain any ash. These examples demonstrate the potential of the SDI as a tool for ash monitoring under different environmental and atmospheric conditions. In addition to presenting a valuable qualitative product to aid monitoring, this work includes a quantitative assessment of the detection skill using a manually constructed expert ash mask. The optimum implementation of any technique is likely to be dependent on both atmospheric conditions and on the properties of the imaged ash (which is often unknown in a real-time situation). Here we take advantage of access to a 'truth' rarely available in a real-time situation and calculate an ash mask based on the optimum threshold for the specific scene, which is then used to demonstrate the potential of the SDI. The SDI mask is compared to masks calculated from a simplistic implementation of the more traditional split window method, again exploiting our access to the 'truth' to set the most appropriate threshold for each scene, and to a probabilistic method that is implemented without reference to the 'truth' and which provides useful insights into the likely cloud-/ash-contamination of each pixel. Since the sensitivity of the SDI and split window methods to the tailored thresholds was not tested (such tailoring is unlikely to be possible in a real situation), this study presents the maximum anticipated skill for the SDI in the context of the maximum skill anticipated for the split window method, although both are likely to be lower in a real-time situation. The results for the SDI are comparable to those of the other methods, with a true skill score of 80.02% for the Eyjafjallajökull night-time scene (compared to 88.81% and 46.63% for the split window and probabilistic method respectively) and 90.06% for the Eyjafjallajökull day-time scene (compared to 97.61% and 56.96%). For the Puyehue image, the SDI resulted in a true skill score of 74.85%, while the split window approach achieved 99.62%. These results imply that the SDI, which is already implemented operationally at some centres for dust detection, could be a useful complement to existing ash monitoring techniques.
Introduction
Ash clouds are one of the most significant and economically costly hazards associated with volcanic eruptions. The clouds, comprised of silicates, minerals, glass shards and large quantities of gases (Karagulian et al., 2010) , can be damaging to buildings and infrastructure (Spence et al., 2005) , destroy crops and local livelihoods and present a danger to the health of humans and animals (Tobin and Whiteford, 2004; Horwell, 2007) . This dynamic and geographically farreaching hazard also poses a threat to aviation (Casadevall, 1994; Dunn and Wade, 1994) . Previous encounters between aircraft and ash clouds have caused damage to airframes and engines and have resulted in potentially life threatening situations (Miller and Casadevall, 2000; Pieri et al., 2002) . Historically, a cautionary approach has been followed in order to minimise the risk to human life (Guffanti et al., 2010) . However such an approach can cause severe and widespread disruption and have significant economic consequences, as demonstrated by the Eyjafjallajökull eruption in Iceland, 2010, when 100,000 flights were cancelled causing an estimated revenue loss of US $ 1.7 billion within the first six days of the eruption IATA Economic Briefing (2010) .
Successful management of ash hazards depends on the effective monitoring and forecasting of the location and concentration of ash in the atmosphere (Prata, 2009 ). Remote sensing tools form an important part of this effort, exploiting observations from instruments on ground, air and satellite platforms that are sensitive to different parts of the electromagnetic spectrum (Thomas and Watson, 2010) . As each technique is subject to limitations, observations from different sources are used in combination and alongside other techniques to minimise error (Tupper et al., 2004) and there is a strong incentive to improve existing techniques and develop new methods to complement those already in use (Prata et al., 2014a) .
Satellite imagery, particularly at thermal infrared (TIR) wavelengths, is a valuable tool offering wide spatial coverage at a reasonable spatial resolution and a high temporal resolution (up to every 5 min from the rapid scan service for the spinning enhanced visible and infrared imager (SEVIRI) on board the geostationary platform Meteosat Second Generation (Stuhlmann et al., 2005) , thereby capturing both the dynamic and potentially geographically far reaching nature of volcanic ash hazards (Prata, 2009) . Such data can be used for monitoring both day and at night and can cover remote areas where observations by other means may be logistically difficult (Thomas and Watson, 2010) . Volcanic ash is generally associated with a broad absorption feature in the TIR region, which can be exploited to detect its presence in TIR satellite observations. This can be seen in the complex part of the refractive indices (which is associated with absorption) measured for materials that volcanic ash is typically composed of (e.g. Pollack et al., 1973; Volz, 1973; Balkanski et al., 2007) . The absorption feature is strongest at wavelengths around 10 μm (the strength and exact location of the maximum differs slightly for different ash compositions ), creating a positive transmission gradient between 10 and 12 μm. A particularly strong example of this feature is shown in the ash spectrum in Fig. 1a . In general, meteorological clouds (ice/water clouds) preferentially absorb radiation at longer wavelengths in this region, creating a negative transmission gradient in this region. Pixels can be interrogated for the sign of the transmission gradient by taking the difference between observations recorded at two different wavelengths within the region. A positive gradient can be interpreted to indicate the presence of ash (Prata, 1989a) , and the magnitude of the difference between the brightness temperatures (BTs) in the two selected channels can be further used to retrieve properties such as the ash concentration (Wen and Rose, 1994) . Many more recent methods for detecting ash and/or retrieving properties such as concentration rely on exploiting a brightness temperature difference (BTD) that stems from this absorption feature, for example Schneider et al., 1995; Corradini et al., 2008; Webley et al., 2009; Bailey et al., 2010; Francis et al., 2012 . The BTD method, also known as the split window technique, has been used for ash detection problems with a temporally-and spatially-specific local threshold applied to the BTD (Pergola et al., 2004a; Filizzola et al., 2007) , and has been combined with threshold tests applied to observations made at additional wavelengths (Ellrod et al., 2003) . A more detailed description of the split window method is provided in Section 3.2.1. Other methods to interpret TIR satellite imagery in terms of volcanic ash have also been developed, for example Gangale et al. (2010) and Clarisse et al. (2010 Clarisse et al. ( , 2013 present methods for interpretation of hyperspectral data based on comparing observation spectra. These methods can only be applied to data from hyperspectral sensors, which are currently only aboard polar orbiting platforms and therefore do not offer the same temporal coverage as data from geostationary platforms. Pavolonis (2010) and Pavolonis et al. (2013) present a technique based on ratios of emissivities at different wavelengths, which can be used alongside scene-specific information to determine whether a pixel contains ash. demonstrate a probabilistic technique, whereby scene-specific information is exploited to model observations of ash, cloud and clear sky. The modelled observations are combined with uncertainties to create pixel-specific probability density functions for observations of each of the three atmospheric states. These are then combined with the actual observation using Bayes' Theorem to calculate the posterior probability that the observed atmosphere corresponds to a clear, cloud or ash state. This method is described more fully in Section 3.2.2.
The spectral characteristics of ash in the TIR region are similar to those of desert dust, which is also associated with a positive transmission gradient between 10 and 12 μm (DeSouza-Machado et al., 2006; Lee et al., 2014) . Fig. 1 shows spectra recorded by the IASI sensor for observations of a volcanic ash cloud from Eyjafjallajökull in 2010, and of a Saharan dust storm event in 2010. In both cases, the transmission increases between 10 and 12 μm. This spectral similarity between the two aerosols means that automated methods for ash detection based on the anticipated ash BTD signature are likely to misclassify dust pixels as ash, and rely largely on expertise held at Volcanic Ash Advisory Centres to determine which of the aerosols is most likely (Simpson et al., 2003) , although newer methods, such as those using hyperspectral data (e.g. Clarisse et al., 2010; Gangale et al., 2010; Clarisse et al., 2013) , are less likely to be affected by this. Similarly, dust detection methods are likely to produce false alarms in the presence of volcanic ash, as noted in Park et al. (2014) . The similarity is demonstrated by Pavolonis et al. (2013) , who successfully follow the same method to detect both volcanic ash and Saharan desert dust. This suggests that the methods used for dust detection may potentially be used to detect volcanic ash.
Windblown dust is one of the most abundant aerosols on Earth (Textor et al., 2006) . Saharan dust is transported regularly towards both North and South America (Goudie and Middleton, 2001; Petit et al., 2005; Prospero et al., 2014) and towards Europe (Ryall et al., 2002; Bègue et al., 2012; Israelevich et al., 2012) , and is likely to be present in some areas where volcanic ash is also likely. For example, Saharan dust has been observed by LiDAR instruments (Wang et al., 2008) and within deposit samples at Etna (Aiuppa et al., 2006) and Asian dust is known to be transported into areas of active volcanism such as Indonesia or the Kuril and Aleutian volcanic chains (Simpson et al., 2003) . Many methods exist to detect and track the movement of desert dust, motivated by its climatic impact (Lee, 2011) , its effects on sea surface temperature and the hazard that dust storms can present to animal and human health (Ozer et al., 2007) . Despite the maturity and success of many dust detection techniques and the spectral similarity between the two aerosols, little has been done to investigate the application of such techniques to the problem of ash detection, besides of the use of the split window technique for the detection of both aerosols and the qualitative use of false colour images (the so-called dust RGB) to support ash detection (Millington et al., 2012) . There are however, a number of other established techniques used for dust monitoring which could be extended to the problem of ash detection (e.g. Legrand et al., 2001; Klüser et al., 2012) . This study applies an established dust detection technique that is implemented operationally at some centres, the Saharan dust index (SDI), described in Section 2, to two images from the Eyjafjallajökull eruption in 2010 and to images from the 2011 Etna and Puyehue eruptions. The effectiveness of the technique is compared against the effectiveness of a split window scheme and the probabilistic detection scheme using an expert mask, described in Section 3, to quantify the skill of each method. The results are presented in Section 4 and discussed in Section 5. Finally, some conclusions are presented in Section 6.
The Saharan dust index (SDI)
The SDI was originally developed for the correction of satellitederived sea surface temperatures and has since been used for detection and monitoring of Saharan dust events. Since forecasters already have some familiarity with this method and operational centres already have expertise and systems in place for its implementation, exploiting the SDI for operational ash detection is likely to be straightforward and it is therefore an appropriate choice for this study.
The index exploits brightness temperatures (BTs) derived from observations at four TIR wavelengths, which are used to construct a three dimensional brightness temperature difference (BTD) space with dimensions corresponding to (BT λ = 3.9 -BT λ = 8.7 ), (BT λ = 3.9 -BT λ = 12 ) and (BT λ = 11 -BT λ = 12 ), where λ is the central wavelength of the spectral region that a channel is sensitive to, specified in microns. Assuming a range of clear sky and dusty atmospheric conditions, Merchant et al. (2006) used the fast radiative transfer model, RTTOV (Hocking et al., 2014) to simulate observations within the BTD space for the SEVIRI sensor. A principal component analysis was performed on the clear sky BTD results to create a principal component (PC) space within which the clear and dusty simulations could be distinguished. A comparison of the aerosol free and aerosol contaminated data within this PC space showed that the clear sky simulations exhibited very little variability along the second PC relative to the dust simulations. The coordinate of an observation on the second PC was therefore taken as indicator of the presence (or absence) of dust and became the basis of the SDI. Merchant et al. (2006) validated the SDI against aerosol optical depth data from the moderate resolution imaging spectroradiometer (MODIS) and found good agreement over the Mediterranean and Atlantic Ocean, but the technique was seen to perform less well for SEVIRI satellite zenith angles greater than 60 o and was deemed unsuitable for angles greater than roughly 70 o . Eq. (1) defines the SDI as used in this study, including a bias correction term introduced in Merchant et al. (2006) and with one term removed following Le Borgne et al. (2013) ), who found the SDI to be largely insensitive to this term. An appropriate threshold is applied to the SDI calculated for a given observation to indicate the presence (or absence) of dust in that observation, i.e. the SDI can be used as a detection test: if the SDI is above a specified threshold then the pixel represents dust, otherwise it does not. The threshold reflects the anticipated variability for dust-free observations along the second PC, in other words the threshold value is higher than the maximum SDI anticipated for most dust-free observations. In the original study, a value of two standard deviations along the second PC (calculated from the clear sky simulations) was used as a threshold . This means that most, but not all, clear sky observations can be expected to correspond to a SDI value below the threshold, and so observations with an SDI value above the threshold are likely to be dust. The simulated data on which the SDI is based included only night-time observations and so the solar contribution to the 3.9 μm channel was not included in the modelled observations. This makes the SDI suitable only for night-time observations, however an approximation to the SDI has since been proposed for day-time use, replacing the 3.9 μm channel with the channel centred at 13.4 μm (Merchant, 2006) . The index has been adapted for data from other satellite sensors, including the along-track scanning radiometers (Good et al., 2012) and the visible infrared imaging radiometer suite (Le Borgne et al., 2013) . It should be noted that when the SDI is implemented for desert dust detection, this is generally done after the application of a cloud mask to remove cloud pixels which are known to cause elevated SDI values.
To the authors' knowledge the SDI has not previously been applied to problems of volcanic ash detection, however PCA has been used in at least one other ash detection technique, implemented for MODIS imagery (Yin et al., 2014) .
Methods

Data
To test the effectiveness of the SDI, the index has been calculated for four scenes containing volcanic plumes in order to assess its effectiveness in different scenarios: over sea and land, in the presence of cloud, during the day and night, at different geographical locations, for different seasons and for ash originating from different sources. The first two images are from the Eyjafjallajökull eruption in 2010 which took place between 20th of March and 23rd of June 2010 and caused severe disruption to the aviation industry (Alexander, 2013) . The three phase eruption was monitored using a variety of tools including ground based LiDAR (Marenco and Hogan, 2011) , research aircraft and balloon borne in-situ probes (Harrison et al., 2010) and has been the subject of a number of studies into ash detection, the retrieval of ash properties from remotely sensed observations (e.g. Francis et al., 2012) and ash dispersion models (e.g. Webster et al., 2012) . In this work we consider a night-time and a day-time image containing the plume from this eruption with scan end times of 00:12 and 13:12 UTC on 13th of May 2010 respectively. The third image is from the Puyehue eruption in 2011. The subplinian eruption began on 4th of June injecting large quantities of ash and volcanic gases into the atmosphere at heights greater than 10 km and causing widespread disruption to air traffic. The eruption continued for a number of months during which the ash had spread throughout the southern hemisphere (Collini et al., 2013) . Data from this eruption has been used in a number of satellite remote sensing studies of volcanic ash (see for example, Grainger et al., 2013; Klüser et al., 2013; Griessbach et al., 2014 which was detected as a thermal anomaly in SEVIRI imagery (Ganci et al., 2012; Gouhier et al., 2012) . Eruptions occur frequently at Etna and ash clouds have led to repeated closures of the Catania International Airport and subsequent losses for the local economy (Andronico et al., 2009) . Numerous ash detection tools (e.g. Pergola et al., 2004a; Filizzola et al., 2007; Pergola et al., 2008; ) and methods of retrieving further information about the ash cloud (e.g. Carn et al., 2005; Corradini et al., 2008) have been applied to imagery from Etna, however there are often emissions in which no ash is present, as is the case for our selected scene. It is important to monitor these plumes too, both in order to identify that there is no ash hazard present and to detect other potential hazards, for example those posed by large amounts of SO 2 . The appropriate use of any volcanic ash monitoring tool relies on knowing whether it is broadly sensitive to volcanic plumes, or more specifically sensitive to volcanic ash. This image has been included as an example of how the SDI behaves in the presence of other volcanic aerosols, but in the likely absence of volcanic ash. The images were recorded by the broadband imager SEVIRI, on board the geostationary satellite Meteosat. The SEVIRI sensor, at an altitude of 36,000 km, records images every fifteen minutes in 12 spectral channels covering the visible, short wave infrared and TIR across Europe, Africa and the North Atlantic (Schmetz et al., 2002) . The sensor has a spatial resolution at nadir of 1 by 1 km in the visible wavelength region and 3 by 3 km for other wavelengths and a significantly coarser resolution towards the edge of the imaged disk. Imagery from this sensor has been used in a number of studies of volcanic ash (e.g. Francis et al., 2012; Millington et al., 2012; and it is the sensor for which the original SDI was developed .
Comparing the SDI to other techniques
Split window technique
The split window technique, developed by Prata (1989a,b) is one of the most widely applied tools for the detection of volcanic ash and has also been implemented for the detection of desert dust (e.g. Zhao, 2012) . The technique exploits the positive gradient in the transmission spectrum for ash between 10 and 12 μm, by calculating the BTD between observations made at two wavelengths in this region, for example using SEVIRI channels centred at 10.8 and 12.0 μm in Eq. (2). The preferential absorption at shorter wavelengths within this region generally results in a lower BTD for ash than for cloud or clear observations. The generally opposing transmission gradients of cloud and ash mean that the BTD is generally negative for ash and positive for cloud, allowing ash to be discriminated.
There are circumstances in which this technique can perform badly and result in high levels of pixel misclassification: ash free scenes can correspond to a negative BTD signal, for example barren land surfaces, desert dust and strong temperature inversions; water and ice within an ash cloud can effectively 'cancel out' the negative BTD signal and can even create a positive BTD; thick opaque clouds often seen at the beginning of an eruption, are difficult to detect using the split window method because as optical saturation is approached, the BTD signal becomes positive, thin ash clouds are similarly difficult to accurately detect; and instrumental noise can hide the signal Simpson et al., 2000; Prata et al., 2001; Watson et al., 2004) . Other limitations arise from the method's dependence on threshold values with one value not being appropriate for all scenarios, for example, different ash types, concentrations and underlying surfaces all affect the BTD signal and therefore the most appropriate threshold is arguably specific to each individual scene. Since the initial paper, there have been numerous adaptions to this technique (for example, Yu et al. (2002) introduced a correction for atmospheric water vapour and Ellrod et al. (2003) incorporated further channels into a BTD-based scheme), but for the sake of this study which aims to review the relative success of the SDI in the context of existing techniques (rather than fully investigate the merits of all existing techniques), a simple implementation of this approach is used, with a threshold tailored to the specific imaged scenes.
Probabilistic method
Another technique which was implemented to provide context for the SDI results is the probabilistic technique developed by . This method uses pixel-specific numerical weather prediction data and their associated uncertainties to calculate pixel-specific probability distributions for observations of specific atmospheric states. The atmospheric states that are considered are clear, cloud and ash and the calculated distribution for cloud and ash should contain a representation of all possible cloud or ash states (e.g. different cloud heights and thicknesses), weighted by their relative likelihood for that pixel. Fig. 2 shows an example of a probability distribution calculated for ash. These distributions are then used to calculate the posterior probability of ash, cloud and clear sky for each pixel using Bayes' Theorem. The image can be classified by assigning pixels to the atmospheric state for which they have the highest posterior probability. A limitation of this approach is the assumed mutual exclusivity of the three states, which leads to mixed cloud-ash pixels with a higher probability for cloud than for ash being classified (correctly) as cloud. The three way classification of this method is useful here since it gives the probabilities for a pixel being clear or contaminated with either cloud or ash and so can be used to identify likely cloud pixels as well as ash pixels, providing some insight into misclassifications from all three methods. It does, however, mean that the method is likely to under-detect volcanic ash since most mixed cloud-ash pixels are likely to be classified as cloud when a deterministic mask is calculated.
Expert mask
Since none of the ash detection methods implemented in this study can be assumed to provide an absolute truth, a mask was constructed for each scene through expert analysis. This mask is assumed to constitute an absolute true ash mask so that the skill of each of the methods can be assessed. The mask was created using a tool developed at the University of Bristol, freely available on VHub (Mackie, 2014) , which allows an expert to individually classify pixels as ash contaminated or ash free using images including a BTD image, the local background BTD and false colour images for guidance. The user can manually set and adjust threshold values for individual pixels, or for areas of the image, and apply these either to the single channel observations, the BTD and/or the deviation of the BTD from a calculated ash-free background BTD (the background BTD is calculated over areas of 5 × 5 pixels, excluding those flagged as ash by the user, and can be adjusted manually on a perpixel basis). As the mask is built up using the different tests, it can be overlain on the images and adjusted by manual overriding of the threshold test results (for individual pixels or for areas of the image). In recognition of the unavoidable subjectivity of this approach, two experts performed the classification separately and only those pixels for which both classifications agreed were included in the analysis, the results are given in Table 1 . The experts agreed for 97.61% and 98.14% of pixels in the Eyjafjallajökull night-time and day-time scenes respectively and 97.62% for the Puyehue eruption. It should be noted that the excluded pixels are likely to be biassed towards the ash that is most difficult for the experts to discriminate and so those that likely present the greatest challenge to the automated techniques. Although this measure goes some way to addressing the issue of subjectivity, it is still limited by experts' familiarity with established techniques such as the split window approach which has been widely applied but which has a number of limitations as described in Section 3.2.1. Despite this, the absence of an absolute truth makes this the best available method for quantitatively determining the sensitivity of each technique to ash. The resulting 'truths' are shown in Fig. 3 , alongside a false colour image and 10.8 μm-12.0 μm BTD of the SEVIRI data.
Day-time SDI
Calculation of the SDI exploits observations at 3.9 μm, which include a solar contribution during daylight hours. The radiative transfer model used in the original study was unable to capture this solar effect and so the SDI was devised through consideration of night-time data only and is therefore only suitable for application to night-time images. An interpolation-based method was presented in Merchant (2006) , which provided local coefficients for estimation of an equivalent SDI for day-time images by replacing the 3.9 μm channel with one centred at 13.4 μm. A linear relationship was assumed between the SDI (calculated from observations at 8.7, 10.8, 12.0 and 3.9 μm using Eq. (1)) and observations made at wavelengths available during both day and night (8.7, 10.8, 12 .0 and 13.4 μm but not at 3.9 μm). Local linear regression provided the coefficients that defined this relationship, allowing the SDI value for each pixel to be estimated without using observations at 3.9 μm. The coefficients are pixel-specific, but SEVIRI pixel locations are constant (since it is hosted on a geostationary platform) and so these coefficients, calculated from night-time imagery where the SDI was available, can be used to estimate the SDI for day-time imagery. A similar procedure was followed in this work to find pixel-specific coefficients to estimate SDI without using observations at 3.9 μm. Coefficients were calculated through linear regression for regions of 10 × 29 pixels in the Eyjafjallajökull night-time image and interpolated to individual pixel locations to create the pixel-specific coefficients required for the estimation of the SDI in the day-time scene. To differentiate between this estimated SDI and the SDI calculated using Eq. (1), we refer to this new quantity as the day-time SDI (dSDI). Eq. (3) shows the calculation for dSDI using the pixel-specific values C 1 , C 2 and K.
Although dSDI can be calculated for both day and night images, it is anticipated that the original SDI is more accurate and reliable when available, i.e. for night-time images.
Fig. 4a and b is a comparison between the original SDI and dSDI calculated for the night-time image to show how close an approximation to the SDI the dSDI is. It therefore gives an indication of the anticipated effectiveness of the dSDI, relative to that of the original SDI. Within both images, the ash cloud is apparent but the absolute values for the two indices are different and so different thresholds are likely to be appropriate to the detection test. This difference probably reflects the variability of the BTDs used for the linear regression within the 10 × 29 pixel area selected for the local regression calculations. The area used for the local linear regression calculations here may in some cases have included both ash and ash-free pixels, and the regression implicitly assumes the same relationship between the SDI and the non-solar BTDs in both cases, which may not be appropriate. The difference between the two measures is greatest in the ash-contaminated areas, which supports this explanation. It is nonetheless encouraging that the ash cloud corresponds to higher values for both dSDI and SDI than the surrounding pixels, and so can be identified by both measures, justifying the use of dSDI for day-time ash detection.
Skills scores
Both under-and over-detection errors are undesirable, the former being potentially dangerous and the latter being associated with unnecessarily high economic cost. The optimal binary ash mask generally follows from a threshold applied to the quantity associated with ash (e.g. BTD, SDI) that best balances over and under detection of the aerosol. The most appropriate value for the threshold is likely to be specific to the properties of the imaged scene. For the probabilistic method, pixels are classed as ash if this class is associated with the highest posterior probability, and as ash free otherwise. To find the optimum thresholds for the SDI and split window methods for the scenes investigated here, a range of threshold values were used to create binary classifications, for which skill scores were calculated, see Fig. 5 . Four skill Fig. 2 . The probability of a specific observation being made at 10.8 and 12.0, given that the observed atmosphere contains ash. This distribution was calculated for atmospheric and surface conditions specific to an observation made over sea during the day. The distribution sums to unity and is combined with an analogous distribution calculated for cloud and for clear sky to calculate the posterior probabilities for each class. scores were calculated: the proportion of perfect classifications (PP), false alarm rate (FAR), hit rate (HR) and true skills score (TSS), which are defined in Eqs. (4) to (7), where z refers to the number of correctly identified clear targets, h refers to the number of correctly identified ash targets, u refers to the number of ash pixels falsely classified as clear and f refers to the number of clear pixels falsely classified as ash (Mackie et al., 2010) . The TSS arguably gives the best measure of overall skill as it assesses success in terms of detecting both ash and ash-free pixels. The optimum threshold for the imaged scene was therefore chosen to be that for which TSS was maximum. This threshold may not be what is optimum in a real hazard situation where the relative costs of missing ash pixels and falsely classifying clear pixels has to be considered. For example, a cautionary approach may tolerate a higher FAR in order to ensure fewer ash pixels are missed, thereby weighting the cost of the potential hazard more strongly than the potential economic cost. By setting the threshold in this way, we will achieve the maximum skill from the methods across the image. In real time applications, setting a threshold in this manner is impossible (since it requires the 'true' state of each pixel to be known, which is generally impossible and in any case would make implementation of any detection technique redundant). In operational implementation of threshold-based techniques, therefore, thresholds are generally fixed prior to analysis and expertise at operational centres may be used to subjectively adjust these on a case by case basis. HR
Results
The SDI and dSDI, BTD and probabilistic method were implemented for the Etna, Puyehue and the two Eyjafjallajökull images, creating the plots shown in Fig. 6. Fig. 7 shows the distribution of each of the calculated values, SDI, dSDI, BTD and posterior probability of ash, for both ash and ash-free pixels as determined by the expert mask (the Etna image is not included since all pixels are assumed to be ash-free). Where classification follows from a single threshold, i.e. for SDI, dSDI and BTD, the extent of the overlap between ash and ash-free pixels in Fig. 7 shows the proportion of pixels which appear ambiguous to the measure and which are therefore unlikely to be correctly classified following that approach. The values corresponding to the highest TSS in Fig. 5 were used to threshold the SDI and BTD, creating the binary ash plots in Fig. 8 . The binary result for the probabilistic method follows from assigning pixels to the class with which they are associated with highest posterior probability. These binary results were used to calculate skills scores for each of the techniques for the two images and these are presented in Table 2 with the threshold values that were used. The location of hits, misses and false alarms for each of the techniques following this binary approach is shown in Fig. 9 for the two image scenes.
Discussion
The results in Fig. 6 illustrate that each of the techniques is successful at detecting volcanic ash in the Eyjafjallajökull and Puyehue images, and so the SDI could be used to qualitatively to detect and monitor ash for these scenes. However, each method would result in false alarms in the Etna image. The following section will discuss each case in turn.
Eyjafjallajökull
The Eyjafjallajökull night-time SDI for ash range between −2.16 and 9.41, the highest of which are associated with the central portion of the ash cloud, an area which also has the lowest BTD (− 6 K) and the highest probabilities of ash (values approaching 1), making this region the most easily identifiable by all three methods. The aerosol becomes less distinct towards the fringes of the ash cloud, where the SDI and probabilities of ash decrease and the BTD increases, probably because the ash has thinned and mixed with the surrounding atmosphere making it less spectrally distinct. This pattern is also true for the day-time images in Fig. 6b,d and f. Here the dSDI values for ash range from 0.54 to 5.68, slightly lower than the SDI values for the night-time image, as can be seen in the histograms in Fig. 7a and b. This probably follows from the fact that the dSDI is an imperfect approximation to the SDI, as discussed in Section 3.3, rather than from any difference in the properties of the imaged ash. The location of the ash is clear in both images.
The BTD values and probabilities of ash in Fig. 6 vary less between the day and night scenes than the SDI/dSDI and so these measures are likely (e) probability of ash for Eyjafjallajökull night-time scene; (f) probability of ash for Eyjafjallajökull day-time scene; (g) probability of cloud for Eyjafjallajökull night-time scene; (h) probability of cloud for Eyjafjallajökull day-time scene; (i) SDI for the Puyehue scene; (j) SDI for the Etna scene; (k) split window method for the Puyehue scene; (l) split window method for the Etna scene; (m) probability of ash for the Puyehue scene; (n) probability of ash for in the Etna scene; (o) probability of cloud for the Puyehue scene; (p) probability of cloud for the Etna scene.
to be more consistently effective for monitoring that spans both day and night. This is not surprising since dSDI and SDI are effectively two different tools for discriminating ash. Fig. 6b, d and f shows that the ash cloud is spread over the Faroe Islands, where it is less distinguishable by all three techniques. The ash here may be less concentrated and again less spectrally distinct. It is also likely, given the probability for cloud shown in Fig. 6h , that this area contains meteorological cloud that may have partially (or wholly) cancelled the BTD signal from any ash that was present. Both the split window method and the SDI are known to be less effective in the presence of meteorological cloud and the probabilistic method will correctly classify mixed ash and meteorological cloud pixels as cloud if the pixel appears even slightly more similar to cloud than to ash. Qualitatively then, the SDI performs comparably to the two established methods; however, all three are less successful in the presence of meteorological cloud and are likely to miss ash in these conditions if no further information is available. The probabilistic method is perhaps slightly more useful in such cases since the probabilities for ash and cloud are both available in addition to the final classification ( Fig. 8d and h ) and so areas near to an identified ash cloud, where ash is likely to be missed, can be identified and investigated further. Fig. 7 shows that for each technique there is some overlap in the values for ash and ash free pixels and therefore any threshold makes some misclassification inevitable, which supports the argument for the use of qualitative products. Although the area of overlap is slightly larger for the SDI and dSDI than for the BTD in the Eyjafjallajökull cases, the difference is not great and it is anticipated that both methods are similarly effective for discerning ash in these images. It is more difficult to interpret the distribution of probabilities in Fig. 7g and h.
An ideal classification would result in a bimodal distribution of probabilities for all three classes; however the presence of mixed cloud-ash pixels, which invalidates the assumption of mutual exclusivity, makes it highly unlikely that this will be achieved. Such pixels should correctly be associated with both classes, with probabilities representing the relative similarity of the pixel to each class. For example, a pixel that contains only ash should be associated with a probability for ash approaching one, while a pixel that is mostly ash, but contains some cloud, should be associated with a lower probability for ash, but should still be classified as ash. A mixed cloud-ash pixel that contains enough cloud to give it a higher probability for cloud than for ash, will be classified as cloud rather than ash, but may still be discernible in both the probability for cloud, where it should have a lower probability than a pure cloud pixel, and in the probability for ash, where it should have a higher value than completely ash-free pixels. For ash detection problems, it may therefore be more appropriate to apply a threshold to the probability of ash to determine whether a pixel is ash or ash-free, or to qualitatively inspect probability images, rather than to assign pixels to the class with the highest probability. In the absence of a mixed cloud-ash class, the results from all three methods require further interpretation in the presence of cloud.
Despite the inevitable misclassifications that follow from a binary approach, the binary classifications shown in Fig. 8 are the most straightforward means by which to quantitatively compare the skill of the methods. Fig. 8a -h shows the split window classification to be the most similar to the expert mask. The SDI identifies the same area as ash, but falsely classifies pixels to the south and southeast of the ash cloud as also being ash contaminated, while the probabilistic method results in the thinnest ash cloud but few false alarms. Figs. 8 and 9a and b show that both the BTD and SDI method result in some false alarms over Iceland in the night-time image, which could correspond to resuspended ash that was not discernible by eye in construction of the expert mask, or could correspond to the presence of some other aerosol. The BTD and SDI also result in more false alarms over the sea, which could indicate greater sensitivity to ash than the manual classification used in construction of the expert mask, or could indicate a tendency to overdetect. Fewer false alarms occur following the split window technique and there is little pattern associated with their distribution in either image apart from the majority of them being located fairly close to the area defined as ash by the expert mask. In some of these cases, there is a slightly elevated probability of ash but a greater probability of meteorological cloud. It is therefore possible that these pixels contain some ash which has mixed with cloud causing the ash to be missed during the construction of the expert mask. The false classifications by the SDI form more recognisable features, most dominantly, a band of false alarms running from the north of Scotland to the top of the image: visible in both the night-and day-time scenes. This region corresponds to high probabilities of cloud in Fig. 6g and h, to positive BTDs (indicative of meteorological cloud) in Fig. 6c and d , and to features qualitatively discernible as cloud in the false colour images. The band of false alarms in the night-time image was also identified as cloud by Naeger and Christopher (2014) . Fig. 6e and f does show a slightly elevated ash probability (0.2-0.3) which may suggest some ash has mixed within the meterological cloud, however, in the absence of any absolute truth it is impossible to do more than speculate on this. Cloud was noted in Merchant et al. (2006) to correspond to high SDI values, leading to the recommendation that the SDI be used only in the absence of cloud. Fig. 6g and h shows that much of the imaged area has a probability of cloud close to 1 and cloud features can be seen in the false colour images in Fig. 3b and e. Although the SDI is recognised as unsuitable for cloudaffected images, it is encouraging that the images contain large areas of cloud that did not result in false alarms. A further explanation for some of these false alarms by the SDI could be the low solar zenith angle at this latitude in May. The SDI was calculated for all pixels in the nighttime image under the assumption that they corresponded to "night", i.e. that there was no solar contribution to the 3.9 μm radiance received at the sensor. The satellite viewing geometry, and consequent difference in atmospheric path length are also likely to affect the SDI signal and further work should investigate this. There are areas close to the ash cloud and between the ash cloud and the east cost of Iceland where both the SDI and split window techniques identify ash despite none being indicated by the expert mask. Notably these pixels also have elevated probabilities of ash in Fig. 6e and f. Given the proximity of these pixels to the ash cloud, these errors are likely to reflect the possibility that some ash (particularly if it is fine or masked by cloud) may not have been discernible in the tools used for construction of the expert mask.
There are also areas where all three methods fail to detect ash. Fig. 9a-f shows that in both the day-and night-time images these pixels are, unsurprisingly, towards the edge of the ash cloud, where mixing with the atmosphere causes the ash to thin so becoming less spectrally distinct from the surrounding atmosphere and therefore more difficult to discern using remote sensing tools. In particular, the probabilistic method is likely to assign these pixels a greater probability for cloud than for ash, reflecting the fact that cloud is probably more strongly present in the spectral signature of the pixels than ash. These pixels are less likely to be detected using automated methods and also present a greater challenge to expert classification through manual interpretation. A further area where all the methods struggle to detect ash is the newest part of the plume in the night-time image, just southeast of the volcano. This is evident in Figs. 6 and 9. This suggests that ash in this area has different spectral properties to the rest of the ash cloud. It is possible to speculate about possible reasons for this. Ash here may be affected by meteorological cloud. No distinct cloud feature can be identified in the false colour image in Fig. 3b , however the area is associated with a relatively high probability of cloud, between 0.9 and 1, in Fig. 6g , and with BTDs between −1 and 1 K, which could be indicative of meteorological cloud. It is possible that the presence of cloud, or entrained ice or water may have masked the signal and resulted in the ash being missed. It is also possible that there may be high concentrations of SO 2 mixed with the ash. The presence of ice and/or water in the plume is not unusual in subglacial or high latitude eruptions and is known to reduce BT λ = 12 through absorption, and so increase the BTD, affecting the performance of all three techniques Watson et al., 2004) . SO 2 is one of the primary gases released during volcanic eruptions and was emitted in large quantities during the Eyjafjallajökull eruption including on the 13th of May 2010 (Flemming and Inness, 2013) . SO 2 has absorption features at 3.9, 7.3 and 8.7 μm (Prata et al., 2014b) , which would affect the SDI and may explain missed ash in this part of the plume. It is also possible that the expert mask has incorrectly identified a thick SO 2 cloud as ash and there is in fact no ash here. Sulphur speciation can lead to the formation of sulphuric acid droplets, which can appear similar to ash in infrared observations, which could have led to a failing of this kind in the expert classification.
The skills scores in Table 2 confirm that the split window technique is the most successful with a TSS of 88.81% although it should be noted that a BTD image was referenced in creation of the expert mask, and so could have biassed the results in favour of this technique. This result is compared to 80.02% and 46.63% for the SDI and probabilistic method respectively for the night-time image. For the day-time image, there is a slight improvement in the results for all techniques, with TSS values of 90.06%, 97.61% and 56.96% for the dSDI, split window and probabilistic techniques respectively. The increase in skill for the dSDI is surprising since the dSDI is an approximation to the original discriminating measure and therefore was anticipated to be less effective. Overall, the success of the former two techniques is a result of the high HR, which was greater than 80% for the night-time scene and over 90% for the day-time image. This high HR is unsurprising as the Eyjafjallajökull ash cloud was highly silicate in nature and it is the silica content of the ash cloud that is responsible for the steep transmission gradient between 10 and 12 μm that both methods exploit for detection. The SDI's poorer performance relative to the split window technique is probably due to its higher FAR (for the reasons described previously) of 8.47% and 4.40% for night and day respectively, causing an overall reduction in the TSS. This reflects the instances of higher SDI values associated with ash-free pixels seen in the overlap area in Fig. 7a and b .
Of the techniques, the probabilistic method was shown to be the least effective. A very low FAR in both the Eyjafjallajökull day-and night-time images was accompanied by a low HR, resulting in a poorer performance overall. This result may reflect the different nature of this method as discussed earlier, whereby the relative likelihood of three classes is considered and where there is a greater probability of meteorological cloud than ash, a pixel will be classified as cloud regardless of whether there is ash mixed within it or not. It should be noted that the results for the threshold techniques (split window, SDI, dSDI) assume that a single threshold is appropriate for pixels imaged over land and sea at different solar and satellite zenith angles. In reality, the measures are likely to be sensitive to these differences and so the most appropriate threshold for each technique is likely to vary slightly between pixels in the image. It should also be acknowledged that in most ash detection scenarios there is no absolute truth for reference and therefore an expert generally sets the most appropriate threshold subjectively. The skills scores allow for a comparison of 'best case scenario' for the BTD and SDI methods (i.e. a scenario in which a threshold is selected that is known to be appropriate), and are therefore higher than should be anticipated for real-time applications. Consequently, it is arguable that in a monitoring situation the qualitative products in Fig. 6 would be at least as useful as the binary masks in Fig. 8 .
Puyehue
The ash cloud from Puyehue is distinct in the results from all three techniques in Fig. 6i ,k and m. Two parts of the ash cloud are characterised by strongly elevated SDI values, negative BTDs and probabilities of ash approaching 1: the freshest part of the plume travelling southeast from the South American continent between roughly −60°and −45°longitude and the plume between around −10°to −20°longitude. The SDI values within these sections range from approximately 18 to 40, which is much higher than in the other images studied, although the minimum SDI associated with the ash is −0.34. The BTD calculated for these areas of the image has a minimum of −15 K. The ash in these parts of the plume appears spectrally distinct in all 3 methods, implying that it has properties that are well represented in the PDF for ash and is probably highly silicate (corresponding to strong absorption at 10.8 μm). Pixels in these areas are unlikely to contain significant amounts of cloud, which would dampen the ash signature, making it less distinct in all 3 techniques. The two parts of the ash cloud that have been described are joined by ash which is slightly less discernible in the SDI and BTD images and is barely visible in the probabilistic results. This could mean that there is actually less ash present in this part of the plume, for example if atmospheric mixing separated the 'once continuous' plume into two concentrated areas, possibly moving apart due to wind shear if they are at different altitudes, or if the ash in these parts of the plume was released in two concentrated bursts, with relatively little ash released in between them. Ash here may also be more diluted with meteorological cloud, which exhibits a spectral signature opposite to that for ash, and so can partially (or fully) 'cancel out' the ash signature. In this case, the probabilistic method should ideally classify pixels as cloud and the calculated BTD is likely to be higher than for the 'purer' parts of the plume. Ash is also present at the top of the image, where the plume curves southeast and becomes less visible, appearing to disappear into the surrounding cloud. Fig. 7c shows that there is a greater overlap between the SDI calculated for ash and for ash free pixels in this scene than in the other images studied, whereas the overlap in the calculated BTD is very small. This indicates that if an appropriate threshold were implemented, a binary classification based on the BTD calculations would be more accurate. The binary classification in Fig. 8 shows this to be true with the split window technique most resembling the expert mask in Fig. 8i with only a small number of false alarms towards the south of the image, while the SDI classification (Fig. 8j) shows a much larger ash cloud than the expert mask. In contrast, the probabilistic classifier displays a much thinner plume surrounded by large areas of meteorological cloud. This is reflected in the TSS results in Table 2 . These results show that the split window technique achieves an extremely high HR of 99.89% which combined with a FAR of only 0.27% has given an unusually high TSS of 99.62%. Despite the qualitative distinction of the ash cloud in Fig. 6i , the SDI only achieves a TSS of 74.85%, the result of a lower HR of 83.87% and a higher FAR 9.02%. The probabilistic classifier also attains a low TSS of 55.61%. This is due to its lower HR of 55.66%, although it has a minimum FAR of only 0.04%. As for the Eyjafjallajökull scenes, this result follows from the way in which the probabilistic classifier works: assessing the relative probability of meteorological cloud, ash and clear sky. Fig. 9i shows that the probabilistic classifier mostly misses pixels at the edge of the ash cloud and in the region between − 35°a nd −40°longitude. In each of these regions there is a high probability of cloud and lower probability of ash. It is likely that within these pixels ash has mixed with the surrounding cloud and that the quantity of cloud is sufficient to elevate its probability over that of ash causing the misclassification. As mentioned earlier, in these cases it is possibly more beneficial to consider just the probability of ash or through qualitative interpretation of both the probabilities of ash and cloud. The split window technique performs remarkably well for this scene, although this may partially reflect the way in which the expert mask was created as it referenced the 10.8-12 μm BT which may favour the split window technique.
As for the Eyjafjallajökull images, the main areas missed by the SDI following the application of the optimum threshold are at the edge of the ash cloud, where the SDI has fallen as a result of mixing with the surrounding atmosphere, and this effect is also evident in the numbers calculated for the other two techniques. The other area where ash is missed following the SDI method is towards the top left of the image, slightly south of the main plume, Fig. 3i . The ash here is also difficult to qualitatively discriminate in the SDI image. Some of this ash can be seen in the probabilistic results classifier, Fig. 6m , however after the classification is performed based on which class has the highest probability, some of the ash is missed and instead flagged as cloud. Meteorological cloud is also apparent within the false colour image, Fig. 3h and so it seems likely that cloud may have masked the ash signal. Alternatively, this is right at the edge of the SEVIRI field of view, Fig. 3h , which may have affected the outcome of the results.
The majority of the false alarms in the SDI binary mask are located in two places: north of the main plume between −40°and −30°longi-tude and where the ash cloud curves back southeast between − 15°a nd 0°longitude, Fig. 9g . In both cases this is likely to be due to the presence of meteorological cloud which can be seen in the false colour image, Fig. 3h , and by high probabilities of cloud in Fig. 6o . Given its proximity to the ash cloud it is likely that there is some ash mixed with the meteorological cloud which was not flagged during the expert mask creation but which may have led to elevated SDI values, although this is difficult to verify. This suggests that a limitation of the SDI as a quantitative tool for ash detection is that in some cases it may return elevated values for meteorological cloud as well as for ash. However, it is possible to clearly identify the ash cloud through qualitative interpretation of the SDI image and so for this case it could be a useful compliment to existing tools.
Etna
The SDI image in Fig. 6j shows a plume travelling southwest from Etna, associated with SDI range of 0.269 to 3.498. If the SDI had been independently applied to this scene, this may have been incorrectly interpreted as ash whereas in reality, this is likely to be a plume of SO 2 gas. The plume is identifiable in the split window approach but through elevated BTDs, suggesting the presence of large quantities of water vapour, water and/or ice, making it highly unlikely that an ash classification would result. The feature can also be seen in the false colour image, Fig. 3k , but rather than the ash appearing green it is yellow, implying that the plume has different properties to those observed in the Eyjafjallajökull scenes. The feature is not evident in the results from the probabilistic classifier, although this incorrectly flags a region north of Sicily as ash. These false alarms could correspond to the presence of another aerosol that appears spectrally similar to ash, for example lofted mineral dust or emissions from industry along the coast, or it may be that the area contains meteorological cloud with spectral properties not represented in the PDF for cloud. In the latter case, the high posterior probability for ash would result from the low probability with which pixels are associated with the cloud or clear sky classes. A further possibility is that there is actually some ash in this area that is not detected by the other methods.
All land surfaces shown in Fig. 6j are associated with a slightly elevated SDI, this is particularly noticeable over Sicily and Tunisia and is evident to a lesser extent over the Italian mainland. Applying a threshold to the SDI to discern ash could therefore have resulted in false alarms in these locations. This is not surprising as the index was not developed for use over land and given this, it performs fairly well. Land surfaces are known to pose some difficulty to both ash and dust detection tools (Prata et al., 2001; Liu et al., 2013) due to the thermal heterogeneity of land surfaces (relative to sea), which creates a more variable background against which it is more challenging to discriminate specific spectral features. This is particularly true of desert landscapes like Tunisia, which exhibit similar emissivities to the aerosol and subsequently there is little or no contrast between the BTD seen for the aerosol and that seen for the background (Liu et al., 2013 ).
An area of elevated SDI, with values between 2 and 6 (which is higher than the values associated with the volcanic plume) occurs south of Italy, over the Mediterranean Sea in Fig. 6j . Interpretation of Fig. 3k suggests that whilst the image is largely cloud free, there is a cloud like feature in this region, where Fig. 6p shows the probability of the cloud to be close to 1. This again shows that care should be taken when using the SDI in the presence of meteorological cloud. Meteorological cloud however, is commonly associated with a positive BTD between 10.8 and 12 μm (Saunders and Kriebel, 1988) , whereas this area is associated with negative BTD of between −4 and −11, more similar to values expected for volcanic ash or desert dust. The proximity of this to the Sahara could provide a possible explanation. Given the low BTD and high SDI values, it is believed that this might be the result of small quantities of Saharan dust, possibly mixed with cloud, however without further information it is impossible to determine this for certain. As the original purpose of the index was the detection of Saharan dust over the Atlantic and Mediterranean, this is one of the anticipated limitations of the tool when applied to volcanic ash and therefore in a hazard scenario further human interpretation would be required to determine which of the two aerosols is more likely, something which is already performed for other techniques (Simpson et al., 2003) .
In Fig. 6j the SDI ranges from a minimum of −22.27 to a maximum of 39.30. Both of these extremes occur at the volcano itself (these values exceed the colour scale in Fig. 6j and the pixels appear as white). One explanation for the high values might be that there is some ash within this region which is not discernible using the other techniques, although this would not explain the extreme low values. Alternatively, it may be attributable to the volcano's hotspot. Thermal anomalies are known to increase radiance values around 4 μm (Pergola et al., 2004b) . This has been exploited alongside other heat-sensitive wavelengths for the identification of hotspots such as wildfires, biomass burning, lava flows and volcanic heat flux (Dehn et al., 2000; Jay et al., 2013) . As the SDI incorporates the 3.9 μm wavelength it is possible that this explains the false alarms in this area and the fact that lava flows and fountains could be identified in SEVIRI imagery for this eruption supports this conclusion (Ganci et al., 2012; Gouhier et al., 2012) .
This case demonstrates the sensitivity of the SDI to other aerosols in the atmosphere. The split window method is also known to perform less effectively under some conditions represented here and in this example low BTDs can be seen over the land surfaces in Fig. 6l , and occur at the suspected area of desert dust in the Southeast of the scene. If a threshold test were applied to the BTD without any forecaster interpretation it is likely that these areas would therefore have been falsely classified as volcanic ash. The sensitivity of the SDI to the ash-free plume, while limiting the effectiveness of the technique as an ash detection tool, may suggest its suitability as a broader detection tool for a range of volcanic emissions, rather than specifically for ash. Detection of SO 2 , for example, is useful because SO 2 is a hazard both to health (Hansell and Oppenheimer, 2004; Heggie, 2009 ) and aviation (Prata, 2009) and is important to understand because of its effect as a tropospheric pollutant (Spinei et al., 2010; Beirle et al., 2013; Carn et al., 2013; McCormick et al., 2013) . It is can be used as a proxy for volcanic ash (Carn et al., 2009 ) although this can have its limitations (Holasek et al., 1996; Prata and Kerkmann, 2007; Prata, 2009 ). This study focuses on exploring the SDI as an ash detection tool but further work investigating its effectiveness for other volcanic emissions would be interesting and worthwhile. This example demonstrates the importance of using multiple techniques and interpretations for guidance in a hazard situation and highlights the benefit of qualitative interpretation over the exclusive use of thresholds.
Conclusions
The SDI is a fast and simple calculation routinely implemented at some operational centres for dust monitoring and could be implemented for ash detection at relatively little computational cost, complementing the suite of already existing ash detection tools with a product that forecasters are already familiar with and in many cases is already available to them. The index has already been extended for other satellite sensors (Good et al., 2012; Le Borgne et al., 2013) and through radiative transfer simulations, could be developed for the Himawari-8 satellite which has sensors which can detect at the same wavelengths as the SDI, which could extend the index's range to the West Pacific: a region of active volcanism. We have demonstrated one way in which the SDI could be useful to ash detection problems and shown its effectiveness as a qualitative tool to be comparable to other detection tools, although it was also shown to be sensitive to other aerosols. Quantitatively, the SDI was seen to be slightly less skilful than the more established split window method for the studied scenes, however uncertainties in the 'truth' assumed for quantification of the skill make it difficult to conclude that one is more effective than the other for these scenes. Furthermore, the scene-specific thresholds used to produce a binary mask for calculation of the quantitative skills scores was determined here through reference to the 'truth', which is not available for real-time applications. Future work to determine the sensitivity of the skill of the methods to this threshold, or a comparison of the methods using fixed, pre-determined thresholds would provide further insight into the relative skill of the SDI as a quantitative tool. In practice it is recognised that fixed, predetermined thresholds are often inappropriate and forecasters often refer to qualitative products (Millington et al., 2012) and construct deterministic products by adjusting thresholds through expert judgement and so it was deemed inappropriate for this preliminary investigation to use a fixed threshold.
The lack of an absolute truth against which to verify remote sensing results is widely recognised and the expert mask used here by no means solves it, however it does offer an alternative to the single pixel comparisons that are possible through colocation of observations from other instruments such as LiDAR, and to the comparison of contemporary remote sensing products which often rely on similar assumptions. By focusing on the study image, it also avoids the problem of comparing observations of slightly different volumes of atmosphere, which can be challenging to compensate for when observations from different instruments are compared. Our study also highlights some of the disadvantages of relying on a binary approach to ash detection in preference to qualitative products, which arguably contain more information, particularly in cases where ash and cloud are both present. Further work to investigate the effectiveness of the SDI for monitoring ash with a greater range of ash compositions and other aerosols, in a greater range of atmospheric conditions, is necessary in order to fully validate it as a measure for ash detection, but this demonstration suggests that it could usefully complement existing techniques for day and night monitoring of ash hazards.
